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Resumen
Se ha hecho un gran esfuerzo en investigaciones destinadas a pronosticar las
volatilidadesen los rendimientos futuros de los activos y commodities del mundo
ﬁnanciero. Una parte de esta investigaci´ on se centra en la realizaci´ on de mo-
delos de series temporales (en particular los modelos ARCH) frente a la opci´ on
impl´ ıcita de modelos de volatilidad. Gran parte de la literatura relacionada en
este tema muestra que la precisi´ on en los pron´ osticos de la volatilidadno es f´ acil
de estimar, independientemente del modelo aplicado. Este documento examina
la precisi´ on de los modelos de predicci´ on de volatilidad para los rendimientos
futuros de los precios del trigo y del ma´ ız. Los modelos aplicados aqu´ ı son
GARCH univariado, un ARCH multivariado (el modelo de BEKK), uno de
opci´ on impl´ ıcita y un modelo de pron´ ostico compuesto. El modelo compuesto
incluye las series temporales (hist´ oricas) y el pron´ ostico de la volatilidad en la
opci´ on impl´ ıcita. Los resultados muestran que el modelo de opci´ on impl´ ıcita
es superior a los modelos hist´ oricos en t´ erminos de precisi´ on y que el modelo
de pron´ ostico compuesto fue el m´ as preciso (en comparaci´ on a los modelos
alternativos) teniendo la menor media cuadr´ atica de los errores. Dados estos
resultados, se recomienda utilizar un modelo de pron´ ostico compuesto si ambos
tipos de datos est´ an disponibles, es decir la serie de tiempo (hist´ orica) y el de
opci´ on impl´ ıcita. Adem´ as, los resultados de este estudio son consistentes con
la parte de la literatura que resalta la diﬁcultad de ser precisa acerca de la
predicci´ on de la volatilidad en el rendimiento de los precios de los activos. Esto
es porque el poder explicativo (coeﬁciente de determinaci´ on), calculado en las
regresiones de pron´ ostico era relativamente bajo.
Clasiﬁcaci´ on JEL : C22, G12, G13, Q13.
Palabras clave: Agricultural commodities, BEKK model, multivariate GARCH, Samuelson
hypothesis, theory of storage.
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Abstract
There has been substantial research eﬀort aimed to forecast futures price re-
turn volatilities of ﬁnancial and commodity assets. Some part of this research
focuses on the performance of time-series models (in particular ARCH models)
versus option implied volatility models. A signiﬁcant part of the literature re-
lated to this topic shows that volatilityforecast accuracy is not easy to estimate
regardless of the forecasting model applied. This paper examines the volatility
accuracy of volatility forecast models for the case of corn and wheat futures
price returns. The models applied here are a univariate GARCH, a multivari-
ate ARCH (the BEKK model), an option implied and a composite forecast
model. The composite model includes time-series (historical) and option im-
plied volatility forecasts. The results show that the option implied model is
superior to the historical models in terms of accuracy and that the composite
forecast model was the most accurate one (compared to the alternative models)
having the lowest mean-square-errors. Given these ﬁndings it is recommended
to use a composite forecast model if both types of data are available i.e. the
time-series (historical) and the option implied. In addition, the results of this
paper are consistent to that part of the literature that emphasizes the diﬃculty
on being accurate about forecasting asset price return volatility. This is because
the explanatory power (coeﬃcient of determination) calculated in the forecast
regressions were relatively low.
1. Introduction
Forecasts of price return volatilities are useful for persons involved in risk-
management decisions. For example forecasting agricultural commodity price
volatility could help decision makers to take decisions, which involve long-term
commitments of resources e.g. agricultural producers, businesses that require
agricultural products as inputs in production processes, ﬁnancial institutions
involved in portfolio-risk management, among others. It is known that the
more accurate the forecast is, the more the beneﬁts (in terms of greater utility)
a decision-maker can obtain from it (Brooks: 2002). Thus, an accurate fore-
cast model in ﬁnance is a useful tool for individuals involved in these types of
ﬁnancial risk taking decisions.
Nowadays it is widely known in the forecasting-volatility-literature that
the implied volatilities obtained from options prices are accurate estimators of
price volatility of their underlying assets traded in ﬁnancial markets (Clements
and Hendry: 1998, Fleming: 1998, Blair, Poon and Taylor: 2001, Manfredo et.
al.: 2001). The forward-looking nature of the implied volatilities is intuitively
appealing and theoretically diﬀerent to the well-known conditional volatility
ARCH models estimated using backward-looking historical characteristics of
time series approaches and which are also applied to forecast volatility.
Considering the existing debate in the academic literature related to the
volatility forecasting accuracy between the aforementioned models and given
that there are no conclusive answers about which is the most accurate model
to use, in this research paper the accuracies of the implied volatility estimates
and the volatility forecasts from a restricted version of the Engle and Kroner
(1995) multivariate ARCH model (henceforth the BEKK model) are compared
against each other to see which model performs better. The BEKK model
(named like this after an earlier working paper by Baba, Engle, Kraft and42 Revista de Administraci´ on, Finanzas y Econom´ ıa
Kroner (Baba et. al.: 1992) is used in order to estimate the historical volatilities
of the commodities under study. In addition a composite forecast model is also
estimated following Manfredo et. al.: 2001. The composite forecast model
includes the estimates of the implied volatilities as well as the estimates from
the BEKK model for both commodities. Thus, in this research both methods
(implied and the BEKK models) are used in a composite forecast model in
order to forecast the daily volatility of the commodities under study. This is
done speciﬁcally for the case of the futures price return volatilities of corn and
wheat.
2. Academic literature of volatility forecast models
2.1 Historical volatility models
Historical volatility is described by Brooks (2002) as simply involving calcula-
tion of the variance or standard deviation of returns in the usual statistical way
over some historical period (time frame) and this may become a forecast for
all future periods. Historical volatility was traditionally used as the volatility
input to options pricing models although there is growing evidence that the
use of volatility predicted from relatively more sophisticated time series models
(ARCH models) may give more accurate option valuations (Akgiray: 1989, Chu
and Freund: 1996). It is well documented that ARCH models can provide accu-
rate estimates of commodity price volatility (see for example, Bollerslev et. al.:
1992, Ng and Pirrong: 1994, Susmel and Thompson: 1997, Wei and Leuthold:
1998, Manfredo et. al.: 2001). However, there is less evidence that ARCH
models give reliable forecasts of commodity price volatility for out-of-sample
evaluation (Park and Tomek: 1989, Schroeder et. al.: 1993, Manfredo et. al.:
2001). All of them found that the explanatory power of these out-of-sample
forecasts is relatively low. In most cases the R2
t are below 10%. Therefore, the
forecasting ability of these models may be questionable.
2.2 Option implied volatility models
Within the academic literature there is evidence that the information content
of the estimated implied volatilities from options could be superior to those
estimated by time series approaches. The aforementioned evidence is sup-
ported by Jorion (1995), Xu and Taylor (1995) for foreign exchange, Chris-
tensen and Prabhala (1998), Figlewski (1997), Fleming (1998), Clements and
Hendry (1998), Blair, Poon and Taylor (2001) for stocks, Manfredo et. al.
(2001) for agricultural commodities. On the other hand in several research pa-
pers there is skepticism about the forecasting accuracy of the aforementioned
implied volatilities (Day and Lewis: 1992, 1993; Figlewski: 1997, Lamoureux
and Lastrapes: 1993). The latter type of research papers have increased the
already existing controversy regarding which is the best method or model to use
in order to obtain the most accurate volatility forecast in ﬁnancial markets i.e.
implied volatility against time series approaches. This is because, as yet, there
are no conclusive answers about which is the best (and consistent) volatility
forecast model for forecasting price returns volatilities (Manfredo et. al.: 2001;
Brooks: 2002). For out-of-sample volatility evaluation, forecasting price return
volatilities has been a very diﬃcult task given that most of the reported results
in the academic literature, generally have very low explanatory power i.e. R2
t
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2.3 Composite forecast models
It is known in the academic literature related to composite forecasting models
that several hypotheses have been created in order to test the accuracy of these
models as explained by Bates and Granger (1969), Granger and Ramanathan
(1984), Park and Tomek (1989), Clemen (1989), Makridakis (1989), Kroner
et. al. (1994) and Fang (2002). It is known that the main motivation to
create a composite forecast model is to create a superior forecast model, which
can be a more accurate model when compared to diﬀerent types of volatility
forecast models not being combined. The fact that individual forecast models
generally have less than perfectly correlated forecast errors, has motivated se-
veral researchers to combine them in order to improve the forecast accuracy of
these models. Decreasing measurement errors by averaging them with several
forecast models could also improve forecasting (Makridakis: 1989). It is also
known in this literature that the variance of post-sample errors can be reduced
considerably with composite forecast models (Clemen: 1989).
Composite forecast models applied to agricultural commodities are rela-
tively scarce. Bessler and Brandy (1981) combined ARIMA and simple histo-
rical average models, and they found that for quarterly hog prices, the results
were superior when these models were combined1. They created the weights
for the composite forecast model based upon the forecast ability of each indivi-
dual model in terms of their Mean-Squared-Errors (MSE). Along the same lines
Park and Tomek (1989) evaluated several forecast models (including ARIMA,
Vector-Autoregression and OLS for their variances) and concluded in favor of
the composite approach. Combining several forecast models gave the lowest
MSE when compared to the same models not being combined. In an oppo-
site ﬁnding Schroeder et. al. (1993) reported that forecasting cattle feeding
proﬁtability gave conﬂicting results. Their results show that there was no fore-
cast model consistent enough to consider a reliable forecast model (including
the composite model). Finally, Manfredo et. al. (2001) attempted to forecast
agricultural commodity price volatility using several models which included
ARIMA, ARCH and implied volatility from options on futures contracts. They
found that there was no superior model to forecast volatility (based on their
MSE) however they recognized that composite approaches, which included op-
tion implied volatilities performed marginally better than forecast models not
being combined. They recognized that their models R2
t were signiﬁcantly low
(below 10%) thus, they did not ﬁnd conclusive answers. They also recognized
that composite approaches are now increasingly being used among researchers
especially when these data (time series and option implied volatilities) are avai-
lable.
In this research paper the idea of combining conditional and implied volati-
lity forecasts aims speciﬁcally to test the accuracy in terms of volatilityinforma-
tion of the composite forecast model against individual forecast models i.e. the
BEKK model and the implied volatilities models. The aforementioned BEKK
and implied volatilities models are explained in Subsection 5.1. In Subsection
5.3 below the composite forecast model, similar to the one used by Manfredo et.
al. (2001) that combines conditional volatilityforecast with implied volatility is
1 Bessler and Brandy analysed quarterly hog prices for the sample period from 1976:01
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explained. Again, this model is intuitively appealing given the combination of
the forward-looking nature of implied volatility against the backward-looking
historical characteristic of time series approaches.
3. Motivation
The motivation for conducting these volatility forecasts with the models ex-
plained above (the multivariate ARCH model, the option implied volatilities
model and the composite forecast model) is to extend the existing literature on
agricultural commodity price returns forecasting using composite forecast mo-
dels. This is conducted by comparing these individual models among each other
and then by evaluating their forecast performance when these models are com-
bined within a composite forecasting approach. The evaluation is performed for
both in-sample and out-of-the-sample time periods. Previous research on these
commodities price volatility forecasts has ignored the early exercise privilege of
the options when the option implied volatilities are calculated (see for example
Manfredo et. al.: 2001) thus, by ignoring the early exercise privilege of the
American options these implied volatilities series are potentially ﬂawed (Blair,
Poon and Taylor: 2001). In this research paper the Barone-Adesi and Whaley
(1987) approximation formula to ﬁnd the price of an American option is use in
order calculate the implied volatilities of the commodities under analysis. Thus,
the early exercise privilege of these American options is taken into consideration
in the present study.
In addition, combination of a multivariate ARCH model with an option
implied volatilitymodel to develop a composite forecast model for futures prices
of corn and wheat has not been done before. Thus, these ﬁndings contribute
with new knowledge to the existing academic literature on composite forecast
models applied to agricultural commodities futures markets. It also could be for
the interest of groups of persons involved in making risk management decisions
related to these agricultural commodities or related products. These groups of
persons could be agricultural policy makers, agricultural producers, commodity
traders, central banks, academic researchers among others.
4. Contribution
This paper extends the work made by Manfredo et. al. (2001) in several diﬀe-
rent ways. First, a larger sample period is used. The sample period under study
in this research project is twenty-ﬁve years (from 01/01/1975 until 01/10/1999)
of corn and wheat futures price data including seven years (from 01/01/1993
until 01/10/1999) of option data for each of the aforementioned agricultural
commodities. On the other hand they used fourteen years (1984-1997) of fed
cattle, feeder cattle and corn futures data. Second, in this research project
higher frequency data is used given that daily futures and options prices are
used for obtaining the results. On the other hand they used weekly data.
Third, the agricultural commodities under study are diﬀerent in each of the
projects. In this project storable agricultural commodities are analysed i.e.
corn and wheat. On the other hand they used non-storable commodities (fed
cattle and feeder cattle) and one storable commodity (corn). Fourth, in this
research a multivariate ARCH model (the BEKK model) is used to provide the
conditional volatility forecast in the composite forecast model. On the other
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forecast model thus the forecast volatilityexamination they performed was only
considering univariate ARCH modeling. Finally, the option implied volatilities
calculated in this chapter are calculated with an option valuation model, which
considers the early exercise privilege of the American options (the Barone-Adesi
and Whaley: 1987 model). They used the Black-Scholes model to calculate
their implied volatilities from American options thus, their implied volatilities
are mis-measured because they use an option valuation model for European
options that does not considers the early exercise privilege of the American
options (Harvey and Whaley: 1992).
The inclusion of the multivariate ARCH conditional volatility estimates
in the composite forecast model could be a novelty to the volatility forecasting
literature. This is because the ﬁndings after applying the aforementioned model
will contribute to the current debate in the academic literature related to which
could be the most accurate forecasting volatility model in terms of volatility
forecasting of asset returns. Nowadays there is strong evidence that multivariate
ARCH models are more accurate than univariate ARCH models in terms of
volatility forecasting of asset returns (Engle : 2000, Haigh and Holt: 2000,
Pojarliev and Polasek: 2000). Thus combining the aforementioned estimates
with the estimated implied volatilities could provide useful information and a
rigorous examination on the performance of these volatility models i.e. the
BEKK model, the implied volatilities and the composite forecast model for the
agricultural commodities under study.
5. The models
5.1 Historical volatility models
The historical models under analysis are an univariate GARCH(1,1) and the
BEKK model. The former estimates the conditional variances. The latter,
in addition to estimating the conditional variances, it also estimates the con-
ditional covariances of the series under study using a multivariate GARCH
method. The BEKK model can be useful to test economic theories which in-
volve price volatility analysis like for example price uncertainty inﬂuences to
employment (Engle and Kroner: 1995). In the present paper the univariate
GARCH(1,1) model is estimated applying the standard procedure as explained
in Bollerslev (1986) and Taylor (1985). The procedure to obtain the aforemen-
tioned BEKK model is explained in Equations (1) to (3) below.
Let yt be a vector of returns at time t (in this research paper the dimension
of this vector is 2 x 1 given that there are two series under analysis, spot and
futures prices series, but in any diﬀerent case it could be extended to a n x n
vector),
yt = µ + εt, (1)
Where µ is a constant mean vector and the heteroskedastic errors εt are
multivariate normally distributed (µ = greek-small-letter-mu and ε = greek-
small-letter-epsilon)
εt|It−1 ∼ N(0,Ht)
Each of the elements of Ht depends on p lagged values of the squares and
the cross products of εt as well as they on the q lagged values of Ht (H =
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Considering a multivariate model setting it is convenient to stack the non-
redundant elements of the conditional covariance matrix into a vector i.e. those
elements on and below the main diagonal. The operator, which performs the
aforementioned stacking, is known as the vech operator. Deﬁning ht = vech(Ht)
and ηt = vech(εtε0
t) the parameterization of the variance matrix is (η = greek-
small-letter-eta).
ht = α0 + α1ηt−1 + ...+ αpηt−p + β1ht−1 + ...+ βqht−q, (2)
Equation (2) above is called the vech representation. Bollerslev et. al.
(1988) have proposed a diagonal matrix representation, in which each element
in the variance matrix hjk,t depends only on past values of itself and past
values of the cross product εj,tεk,t. In other words, the variances depend on
their own past squared residuals and the covariances depend on their own past
cross products of the relevant residuals. A diagonal structure of the matrices αi
and βi is assumed in order to obtain a diagonal model in the vech representation
shown in Equation (2) above (α = greek-small-letter-alpha and β = greek-small-
letter-beta).
In the representations explained above it is diﬃcult to ensure positive de-
ﬁniteness in the estimation procedure of the conditional variance matrix. To
ensure the condition of a positive deﬁnite conditional variance matrix in the
optimization process Engle and Kroner (1995) proposed the BEKK model. This













In Equation (3) above ωω0 is symmetric and positive deﬁnite and the se-
cond and third terms in the right-hand-side of this equation are expressed in
quadratic forms (ω = greek-small-letter-omega). This ensures that Ht is posi-
tive deﬁnite and no constraints are necessary on the αi and βi parameter ma-
trices. As a result, the eigen values of the variance-covariance matrix will have
positive real parts which satisfy the condition for a positive deﬁnite matrix.
For an empirical implementation and without loss of generality the BEKK
model can be estimated in a restricted form having ω as a 2 x 2 lower triangular
matrix, α and β being 2 x 2 diagonal matrices. Thus, for the bivariate case the



















































For this model maximum likelihood methodology and the BHHH (Bernd-
tand, Hall, Hall, and Hausman) algorithm of Berndt et. al. (1974) was used in
the estimation procedure.
5.2 The option implied volatilities model
The option implied volatility of an underlying asset is the markets forecast of
the volatility of that asset and this is obtained with the options written on
that underlying asset. To calculate an option implied volatility of an asset
an option valuation model is needed as well as the inputs for that model, like
the risk free rate of interest, time to maturity, price of the underlying asset,
the exercise price and the price of the option (Blair, Poon and Taylor: 2001).
Using an inappropriate valuation model will produce pricing errors and the
option implied volatilities will be mis-measured (Harvey and Whaley: 1992).
For example using a valuation model that does not considers the early exercise
privilege of an American option to ﬁnd the option implied volatilities from
American options will produce errors in the calculations i.e. using the Black and
Scholes (1973) model (henceforth, the Black-Scholes model) to ﬁnd the option
implied volatilities from American options. 2 Hence, in this research paper an
option valuation model for American options developed by Barone-Adesi and
Whaley (1987) is used given that this valuation model takes into consideration
the early exercise privilege of American options thus, mis-measurement errors
from an early exercise are avoided. The approximation to obtain the value of
an American option in this model follows a geometric Brownian motion. This
is described in detail in Barone-Adesi and Whaley (1987, pgs: 301 312) and
the equations (5) to (6) below summarizes this model.





when S < S∗, and
C(S,T) = S − X, (5)



















2 The Black-Scholes option valuation model is for European options. These options do
not have the early exercise privilege that American options have.48 Revista de Administraci´ on, Finanzas y Econom´ ıa
The variables in the formulae above represent the following: C is equal
to the American call option price, c is equal to the Black-Scholes value for
an European call, the variable S is the commodity spot price, T represents the
time to maturity of the option, S∗ is the value of the exercise boundary (exercise
now only if S ≥ S∗). q2 is an eigen value obtained (mathematically) from an
early exercise premium diﬀerential equation as explained in Barone-Adesi and
Whaley (1987, pg: 306). The variable b is equal to the cost of carry, r is the
riskless rate of interest, N[.] is the cumulative univariate normal distribution,
σ2 is the instantaneous variance and σ is the instantaneous standard deviation,
which is a proxy for the commoditys price volatility (σ = greek-small-letter-
sigma). S∗ is found with an algorithm which is described in detail in Barone-
Adesi and Whaley (1987, pg: 309). In this research paper S is equal to the
commodity futures price given that the option implied volatilitiesunder analysis
are those of the commodities futures prices.
For each trading day the aforementioned implied volatilities are derived
from nearby to expiration futures options contracts (at least ﬁfteen trading
days prior to expiration) by taking the at-the-money (or the closest to at-the-
money) call options price for corn and wheat. In other words, the futures
contract exercise price is matched against the call option futures price, which
is at-the-money (equal) or the closest to at-the-money (almost equal). This
is done for every trading day until the option contract is ﬁfteen trading days
close to expiration. When the option is ﬁfteen trading days to expiration the
implied volatilities are calculated with the next (in calendar) futures option
contract. This is done in order to avoid volatility bias due to time to expiration
phenomena (Figlewski: 1997). The interest rate is used for each trading day in
order to calculate these implied volatilities.
5.3 The composite forecast model
Considering that the time variable in the option price formula for the commodi-
ties under study is measured in years the estimates of the implied volatilities
are calculated on an annualized basis. In order to include the implied volatili-
ties estimates in the composite forecast model they must be transformed into
daily trading-days estimates and then extended to a desired forecast horizon.
Following Manfredo et. al. (2001) the formula to transform the aforementioned
annualised estimates into daily trading-days implied volatilities which then can
be extended to a desired forecast horizon can be observed in Equation 7 below.





In Equation (7) above ˆ σt,hr,i represent the hr-period volatility forecast for
the agricultural commodity i at time t. The symbol IVt,i represent the implied
volatility estimate (annualised) for the agricultural commodity i at time t. The
hr represents the desired forecast horizon. Again, considering that the daily
implied volatilities estimates are obtained on an annualized basis with daily
data the numerator in Equation (7) above is one, which represents one-trading-
day and the denominator (the number 252) represent the number of trading
days in one year.
In order to create the composite forecast model it is necessary to use a
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of individual forecasts at time t. It follows that weights for each of the volati-
lity forecasts are generated by an OLS regression of past realized volatility on
the respective volatility forecasts. This procedure to create the weights for
the aforementioned composite volatility forecast is explained in more detail in
Granger and Ramanathan (1984). This can be observed in Equation 8 below.
σt,i = α0 + β1ˆ σ1,t,i + β2ˆ σ2,t,i + ... + εt,i, (8)
In Equation (8) above σt,i represent the realized volatility at time t for
commodity i and represent the individual volatility forecast (k) corresponding
to the realized volatility at period t for commodity i. As it can be observed in
this equation the composite forecast model includes the average of the individual
volatility forecasts at time t in which the weights for each of the individual
volatilityforecasts are estimated with an OLS regression. FollowingBlair, Poon







In Equation (9) above σt,h,i represents the realized (total) volatility of co-
mmodity i at time t over the forecast horizon hr. The R2
t represents the squared
return at time period t of commodity i. Thus, the resulting composite volatility
forecast can be observed in Equation (10) below.
ˆ σt,1+i = ˆ α0 + ˆ β1ˆ σ1,t+1,i + ˆ β2ˆ σ2,t+1,i + ... + ˆ βkˆ σk,t+1,i, (10)
In Equation (10) above the variables are the same as expressed previously.
The composite forecast model of this equation is a one-day volatilityforecast. In
order to create a composite volatility forecast of more than one day i.e. hr > 1
the estimated one-day composite volatility forecast (from Equation (10) above)
is multiplied by
√
hr. The aforementioned method for obtaining a composite
volatility forecast of more than one day (h > 1) is a common practice in the
academic literature however, it is important to emphasize that an alternative
is to obtain predictions of volatility for each period in the forecast interval (e.
g. from an ARCH model).
The MSE obtained from each of the estimates of all the volatility forecast
models are compared to each other. The formulato obtain the MSE is presented







t,hr,i − σt−1,hr,i)2, (11)
In Equation (11) above n is equal to the number of observations and the
other variables are the same as described previously. These MSE comparisons
are performed in order to provide a robust analysis of the accuracy of the afore-
mentioned composite volatility forecast model against the alternative models
(the conditional and implied volatilities models). The model with the smaller
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of the agricultural commodities under study. Ranking models in terms of their
MSE is a common practice in the forecasting volatility literature.
6. Data
6.1 Futures and spot data
The data for the agricultural commodities consists of daily spot and futures
prices of corn (CN) and wheat (WC) obtained from futures contracts traded
at the Chicago Board of Trade (CBOT). The sample period under analysis
is twenty-ﬁve years from 01/01/1975 to 01/10/1999 supplied by The Futures
Industry Institute (FII). The sample size is 6,243 observations. The sample pe-
riod was chosen considering that it covers suﬃcient numbers of years including
important agricultural U.S. legislation passages of 1985, 1990 and 1996.
6.2 Options data
The options data for the agricultural commodities under study consists of daily
options prices for futures contracts of corn and wheat traded at the CBOT. The
sample period under analysis is seven years from 01/01/1993 to 31/12/1999
supplied by the CBOT. The sample size is 1,703 observations. The data for the
interest rates consists of daily 30-day and 91-day interest rates of Certiﬁcates of
Deposit (CDs) obtained from the FED web page3. The options data is necessary
in order to estimate the implied volatilities for the commodities under study.
The procedure to obtain the aforementioned implied volatilities is performed by
applying an approximating American option price formula, which is described
in Barone-Adesi and Whaley (1987) and is presented in Section 5.2 above.
6.3 Data transformation
In order to avoid unrealistic jumps when creating a time-series of futures prices
from diﬀerent contracts (Wei and Leuthold: 1998), synthetic futures prices
were created. These were calculated by a roll-over procedure that is basically
an interpolation of futures prices from diﬀerent maturity futures contracts of
each commodity. This procedure creates a constant maturity weighted average
futures price based upon the futures prices and the days to maturity of the two
near-by-expiration contracts4. The formula used to obtain the synthetic futures
price is shown below in Equation (12).











Where: SY NT = Synthetic futures price for delivery at T, Fj = Contract
j futures price expiring at j, Fi = Contract i futures price expiring at i, T =
91, the chosen constant maturity in number of days, Ti = Contract i expiration
in days remaining, Tj = Contract j expiration in days remaining, j = i + 1,
with Ti ≤ T ≤ Tj.
3 The web page is http://www.federalreserve.gov/
4 The futures contracts for the aforementioned agricultural commodities have the follo-
wing delivery months: March, May, July, September and December.Price volatility forecasts for agricultural commodities 51
The time to expiration of the synthetic futures prices calculated is T = 91
days. This is considered an appropriate time-to-expiration given that a shorter
time-to-expirationwill give higher expected volatility. This situationis observed
in empirical research papers, which have found that volatility in futures prices
increases, as a contract gets closer to expiration (Samuelson: 1965). A higher
expected volatility due to time-to-expiration could have biased the results of
this analysis. Thus, 91-day synthetic futures prices were considered appropriate
using this method in order to avoid high volatility estimates due to time-to-
expiration causes. In addition this will always allow ﬁnding a shorter and
longer contract, if necessary.
7. Descriptive statistics
This subsection presents the descriptive statistics for the volatility forecasting
models and the realized volatilities for commodities under analysis. The sample
sizes for the GARCH(1,1) and BEKK(1,1) models are from 01/01/1975 until
01/10/1999 and the sample sizes of the option implied, the composite forecast
models and the realized volatilities are from 02/01/1993 until 01/10/1999. The
sample sizes for the historical models (autoregressive models) are larger as it is
described in Section 6.1 above. Tables 1 - 2 show the descriptive statistics for
the volatility forecasting models and the realized volatility for corn and wheat
respectively.
As it can be observed in Tables 1 to 2 the means of the option implied
and the variances of the realized volatilities are the ones with higher values for
both commodities under study. These ﬁndings are consistent with Christensen
and Prabhala (1998) who found that the means of the option implieds were
higher than the means of the realized volatilities and that the variances of the
realised volatilities were higher than the variances of the option implieds. The
distributions in those tables are highly skewed and leptokurtic for the volatility
forecasting models and the realized volatilities of the commodities. This is
consistent with the work of Wei and Leuthold (1998) who had similar ﬁndings
with daily futures prices volatility data of agricultural commodities.
8. Results
8.1 In sample evaluation
The OLS estimates for the weights of the composite forecast model (Equation
8 above) and the results of the MSE for the commodities under study can be
observed in Tables 3 - 4, respectively. As it can be observed in Table 3 the OLS
estimates show that the implied volatilities contain more of the information
content of the realized volatility for the returns of both commodities when
they are compared with the other forecast models. However, it is diﬃcult to
ﬁnd conclusive answers about their statistical power because the adjusted R2
are remarkably low i.e. 0.1810 for corn and 0.1491 for wheat. In Table 4
it can be observed that the most accurate model for forecasting the returns
volatilities of the commodities under study is the composite forecast model
given that it has the lowest MSE. These results are consistent with Kroner
et. al. (1994) and Manfredo5 et. al. (2001) who found the most accurate
5 In Manfredo et. al. (2001) the forecast time horizon was a one-week volatility forecast
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volatility forecasts using composite forecast models for commodity markets.
The second best returns volatilities forecasts are the implied volatilities which
again the results are consistent with Manfredo et. al. (2001) for the case of
corn. The diﬀerences of the MSE among the models in Table 4 are statistically
signiﬁcant at the 1% level. The p-values rejected the null hypothesis of equality
of forecast accuracy between the forecast models at the 1% level. The null
hypothesis included the composite forecast model against the remaining models.
The procedure applied to obtain these statistical signiﬁcances is the same as
the one described in Diebold and Mariano (1995)6.
8.2 Out-of-the-sample evaluation
The sample period under analysis is partitioned in order to evaluate the out-
of-the-sample forecasts. The estimates of the BEKK(1,1) model are obtained
from 01/01/1975 until 03/01/1996 and the estimates of the option implied and
the composite forecast models are obtained from 02/01/1993 until 03/01/1996.
The jump-oﬀ period is 04/01/1996, thus the out-of-the-sample evaluation if
from 04/01/1996 until 01/10/1999 for all the forecasting models. The estimates
of the OLS regressions (Equation (10) above) and the out-of-the-sample results
of the MSE for the commodities under study can be observed in Table 5 to 6
respectively.
It can be observed in Table 6 that for the out-of-the-sample evaluation
the composite forecast model has the lowest MSE thus, is the most accurate
model for forecasting futures returns of the commodities under analysis. The
MSE diﬀerences in this table are statistically signiﬁcant at the 5% level. For
the case of wheat the option implied has the same MSE than the composite
model thus, the option implied volatility for that commodity is as accurate as
the composite model in terms of volatility forecasting. For the case of corn the
option impliedis the second best model. According to the estimated parameters
for both commodities it is possible to observe that the option implied contain
more information of the realized volatility compared to the historical volatility
models (BEKK, GARCH). The out-of-the-sample evaluation shows that the
results are qualitatively similar to the in-sample evaluation (Table 4), in other
words the composite forecast models are the most accurate models and the
option implied are the second best in terms of the relevant information about
the realized volatility i.e. out performing the BEKK(1,1) and the GARCH(1,1)
models.
10. Conclusions
The on-going debate related to which is the most accurate model to forecast
volatility of price returns of ﬁnancial assets or commodities has led academic
researchers to foster empirical research on the aforementioned topic. A consi-
derable amount of research projects have compared time-series models against
6 This method requires generating a time series, which is the diﬀerential of the squared-
forecast errors from two diﬀerent forecast models i.e. dt = (σ2
t −ˆ σ1,t−1)2−(σ2
t −ˆ σ2,t−1)2
, where dt is the diﬀerential of the series and ˆ σi is the forecast of the i model. The t-statistic




where ¯ d is the sample mean and sd is equal to the
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option implied volatilitiesand for instance composite forecast models in order to
ﬁnd the most accurate model to forecast price return volatilityfor speciﬁc assets.
Albeit part of the literature advocates the use of option implied volatilities as
the most accurate alternative to forecast price returns volatilities of ﬁnancial
assets there are still no conclusive answers in terms of ﬁnding one superior model
especially for the case of forecasting price returns volatilities of agricultural
commodities. This is because the coeﬃcients of determination are relatively
low for all models.
In this paper the aforementioned volatility forecast models i.e. time-series,
option implied and composite forecast models were compared to each other
aiming to ﬁnd the most accurate volatility forecasting model for the price re-
turns of the agricultural commodities for corn and wheat. According to the
results the implied volatilities contained most of the information of the realized
returns for both commodities. Similar ﬁndings can be found in the academic
literature for exchange rates, stock prices and stock indexes . The results show
that the composite forecast models were the most accurate models to forecast
the aforementioned price returns volatilities when they were compared to the
alternative models not being combined. These ﬁndings are consistent with part
of the academic literature, which states that composite approaches are the most
accurate alternative to forecast price returns volatilitiesfor commodities. In this
speciﬁc case these ﬁndings are for the agricultural commodities under study.
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Appendix
Table 1. Descriptive statistics for the volatility forecasting models and the
realized volatility of the daily futures price returns for corn.
Statistic GARCH(1,1) BEKK (1,1) Option Composite Realized
model model implied forecast model volatility
Mean 0.000151 0.000137 0.000198 -3.47*10−8 0.000157
Variance 1.70*108 1.20*108 1.80*108 7.70*108 9.40*108
Skewness 3.4288 3.8899 2.1005 3.7206 4.2749
Kurtosis 20.6997 25.3797 10.0865 24.9194 27.4936
N 6,243 6,243 1,703 1,703 1,703
This table reports the descriptive statistics of the volatility forecasting models
and the realised volatilityfor the dailyfutures prices returns for the case of corn.
The daily option implied volatility is computed using an approximating Ame-
rican option price formula as described in Barone-Adesi and Whaley (1987).
The options data are call options at-the-money (or the closest to at-the-money)
with at least ﬁfteen days prior to expiration. The realised volatility used to ob-
tain the composite forecast model is the annualised ex-post daily futures return
volatility for the respective sample period under analysis. The sample size for
the BEKK(1,1) and the GARCH(1,1) models is 6,243 observations from 2nd
January 1975 to 1st October 1999. The sample size for the implied, composite
models and the realised volatility is 1,703 observations from 2nd January 1993
to 1st October 1999. N = Number of observations.
Table 2. Descriptive statistics for the volatility forecasting models and the
realized volatility of the daily futures price returns for wheat.
Statistic GARCH(1,1) BEKK (1,1) Option Composite Realized
model model implied forecast model volatility
Mean 0.000181 0.000178 0.000210 3.20*10−6 0.000180
Variance 1.40*108 1.10*108 9*109 8.60*108 1.00*107
Skewness 2.9936 3.4310 2.0853 4.1606 4.9389
Kurtosis 16.2787 21.1956 9.9843 38.7625 45.0710
N 6,243 6,243 1,703 1,703 1,703
This table reports the descriptive statistics of the volatility forecasting models
and the realised volatility for the daily futures prices returns for the case of
wheat. The daily option implied volatility is computed using an approxima-
ting American option price formula as described in Barone-Adesi and Whaley
(1987). The options data are call options at-the-money (or the closest to at-
the-money) with at least ﬁfteen days prior to expiration. The realised volatility
used to obtain the composite forecast model is the annualised ex-post daily
futures return volatility for the respective sample period under analysis. The
sample size for the BEKK(1,1) and the GARCH(1,1) models is 6,243 obser-
vations from 2nd January 1975 to 1st October 1999. The sample size for thePrice volatility forecasts for agricultural commodities 57
implied, composite models and the realised volatility is 1,703 observations from
2nd January 1993 to 1st October 1999. N = Number of observations.
Table 3. In-sample OLS estimates for both of the commodities.




Corn -4.10*10−5 0.1771 0.8646 0.1810 1.9866
(1.24*10−5)” (0.0856)” (0.0714)
-3.3126 2.0695 12.1092
Wheat -8.72*10−5 -0.1047 1.3629 0.1491 1.8925
(1.77*10−5)” (0.1286) (0.1163)”
-4.9277 -0.8140 11.7163
This table presents estimates of OLS regressions of the variables in the se-
cond row (independent variables) against the realised volatilityof the respective
commodity (dependent variable). Standard errors are shown in brackets. Italics
= t-statistic. (”) Indicates the coeﬃcient is statistically signiﬁcant at the 5%
conﬁdence level; (’) indicates the coeﬃcient is statistically signiﬁcant at the
10% conﬁdence level. Adj. R2 = Adjusted coeﬃcient of determination. DW
= Durbin Watson statistic. The sample size for the BEKK(1,1) model is 6,243
observations from 2nd January 1975 to 1st October 1999. The sample size for
the implied is 1,703 observations from 2nd January 1993 to 1st October 1999.
The sample size for the estimates of the regressions is 1,703 observations from
2nd January 1993 to 1st October 1999
Table 4. MSE for both commodities.
Agricultural GARCH(1,1) BEKK(1,1) Option Comp.
Commodity model model implied forecast-model
Corn 8.4035*10−8 8.3670*10−8 7.8784*10−8 7.6929*10−8
Wheat 9.2918*10−8 9.2416*10−8 8.7060*10−8 8.5688*10−8
This table reports MSE of the volatility forecasting models for the daily fu-
tures prices returns for the commodities under study. The daily option implied
volatility is computed using an approximating American option price formula
as described in Barone-Adesi and Whaley (1987). The options data are call
options at-the-money (or the closest to at-the-money) with at least ﬁfteen days
prior to expiration. The realised volatility used to obtain the MSE is the an-
nualised ex-post daily futures return volatility for the sample period under
analysis. The sample size for the BEKK(1,1) and the GARCH(1,1) models is
6,243 observations from 2nd January 1975 to 1st October 1999. The sample
size for the implied and the composite models is 1,703 observations from 2nd
January 1993 to 1st October 1999. The sample size to calculate the MSE is the
same as for the implied and the composite models i.e. 1,703 observations from
2nd January 1993 to 1st October 1999. (’) Indicates the smallest value.58 Revista de Administraci´ on, Finanzas y Econom´ ıa
Table 5. In-sample OLS estimates for the out-of-the sample evaluation for both
of the commodities.




Corn -1.01*10−5 1.0735 0.1554 1.9405
(6.04*10−6)’ (0.0344)”
-1.6732 31.2320
-2.82*10−5 0.8991 0.1403 1.9785
(1.45*10−5)’ (0.0806)”
-1.9438 11.1440
-4.14*10−5 0.2985 0.7655 0.1446 2.0453
(1.57*10−5)” (0.1366)” (0.1011)”
-2.6372 2.1858 7.5743
Wheat -2.26*10−5 1.1308 0.1140 1.9120
(8.84*10−6)’ (0.0432)”
-2.5601 26.1247
-5.49*10−5 1.1237 0.1122 2.1151
(2.05*10−5)” (0.1144)”
-2.6784 9.8209
-3.98*10−5 -0.3486 1.3498 0.1137 2.0663
(2.28*10−5)’ (0.2324) (0.1892)”
-1.7434 -1.4997 7.1342
This table presents estimates of OLS regressions of the variables in the se-
cond row (independent variables) against the realised volatilityof the respective
commodity (dependent variable). Standard errors are shown in brackets. Italics
= t-statistic. (”) Indicates the coeﬃcient is statistically signiﬁcant at the 5%
conﬁdence level; (’) indicates the coeﬃcient is statistically signiﬁcant at the
10% conﬁdence level. Adj. R2 = Adjusted coeﬃcient of determination. DW
= Durbin Watson statistic. The sample size for the BEKK(1,1) model is 5,297
observations from 2nd January 1975 to 3rd January 1996. The sample size for
the implied and the composite models is 757 observations from 2nd January
1993 to 3rd January 1996.
Table 6. Out-of-the-sample MSE for both commodities.
Agricultural GARCH(1,1) BEKK(1,1) Option Composite
Commodity model model implied forecast model
Corn 1.05*10−7 1.06*10−7 9.70*10−8 9.60*10−8 ’
Wheat 1.29*10−7 1.27*10−7 1.18*10−7 ’ 1.18*10−7 ’Price volatility forecasts for agricultural commodities 59
This table reports the out-of-the-sample MSE of the volatility forecasting mo-
dels for the daily futures prices returns for the commodities under study. The
daily option implied volatility is computed using an approximating American
option price formula as described in Barone-Adesi and Whaley (1987). The
options data are call options at-the-money (or the closest to at-the-money)
with at least ﬁfteen days prior to expiration. The realised volatility used to
obtain the MSE is the annualised ex-post daily futures return volatility for
the sample period under analysis. The in-sample size for the BEKK(1,1) and
the GARCH(1,1) models is 5,297 observations from 2nd January 1975 to 3rd
January 1996. The in-sample size for the implied and the composite models is
757 observations from 2nd January 1993 to 3rd January 1996. The out-of-the-
sample forecast evaluation period consists of 947 observations from 3rd January
1996 to 1st October 1999. The jump-oﬀ period is 4th January 1996. The sample
size to calculate the MSE for the out-of-the-sample forecast evaluation period
is 947 observations from 3rd January 1996 to 1st October 1999. (’) Indicates
the smallest value.